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Brain Tumor Detection Model Based on Improved YOLOVS8

ZHANG Ao,LIU Wei,LIU Yang, YANG Siyao, GUAN Yong,LI Bo,LIU Fangfei

(Shenyang Ligong University , Shenyang 110159 ,China)

Abstract; In order to address the challenges of detecting brain tumors with complex shapes and ir-
regular boundaries in Magnetic Resonance Imaging ( MRI) ,an improved YOLOvV8 model , Tumor-
Net-YOLO, is proposed. This model enhances detection performance through three innovative mod-
ules; the Adaptive Receptive Field Convolution Module improves the ability to extract multi-scale
tumor features and reduce false negatives ;the Segmentation Fusion Convolution Module strengthens
the synergy between shallow and deep features through multi-scale feature fusion;the Deformable
Fusion Module optimizes the detection of irregular tumor regions and improves the model’ s robust-
ness in complex MRI backgrounds. Experimental results show that TumorNet-YOLO performs ex-
cellently on the brain tumor detection dataset Br35H , with a mean Average Precision mAP@ 0. 5 of
96.6% and mAP@ 0.5:0.95 of 73. 8% . Furthermore, the model’ s computational cost is 8.6
GFLOPs, which significantly outperforms existing methods. To validate the model$ generalization a-
bility ,comparative experiments were conducted on the BCCD and BTOD datasets. The results dem-
onstrate that TumorNet-YOLO outperforms YOLOvV8n in multiple metrics, including mAP@ 0. 5
and mAP@ 0. 5: 0. 95, indicating that TumorNet-YOLO provides an effective solution for brain

tumor detection and medical image analysis.
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Table 1 Comparison of experimental results

Percision Recall mAP@ mAP@

L /% /% 0.5/% 0.5:0.9/9% Cl-OPS
YOLOV3-L  91.6  90.5 93.3  70.3 282.2
YOLOV3-T  91.5  89.6  92.8  69.7 18.9
YOLOV5-n  93.8  88.7 956  69.1 7.1
YOLOv7-n  92.0  91.8  93.4  69.7 13.0
YOLOv8-n  93.0 922 945  70.5 8.1
YOLOV9-n 953  87.1 947 721 7.6
YOLOVIO-n  93.5  84.1  92.7  68.6 6.5

RT-DETR-L 949 9.1  93.4  69.3 103. 4
RCS-YOLO  94.4  92.5 948 713 105.2
AR SRR 98.2 89.7 96.6  73.8 8.6
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Table 2 Comparison of different modules %

it Percision Recall mAP@0.5 mAP@0.5:0.9

SKNet 93.6 90.5 95.2 71.0
CA 93.0 90.0 95.6 71.5
CBAM 94.3 91.7 96. 3 72.2
ARCHAES 98.2 89.7 96. 6 73.8
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Table 3 The results of the generalization experiments

%
mAP@ mAP@

¥l i 751 Percisi Recall
g i ercision ecal 0.5 0.5:0.9

YOLOv8n  87.2 84.4 92. 1 61.4
BTOD .

AR 90.0 88.8 95.5 69. 8

YOLOv8n  86.0 89.9 92.6 63.5
BCCD B

AR 87.5 90. 1 93.4 64.8
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